Abstract: Condition monitoring of centrifugal pumps is vital due to their crucial role in industries. One of the most prevalent faults in pumps is cavitation, which can cause mechanical faults or even failure in the pump. In this paper, an approach is suggested to detect cavitation in a centrifugal pump using time-domain analysis of the pressure signal residual. First, pressure and torque signals are obtained using a model of the electro-pump, and then pressure deviation from the pump performance curve is defined as a residual. The residual time-domain features are extracted and applied as inputs to a self-organizing map (SOM) neural network to classify the system modes. The results indicate that the suggested method is capable of detecting incipient cavitation. Furthermore, the suggested method demonstrates robust performance against disturbance.
Introduction
Cavitation is one of the most common and destructive faults in centrifugal pumps [1] . Cavitation starts when the pressure in the pumping system reaches a value less than the vapor pressure of the operating point temperature.
Vapor bubbles created by the liquid move through the pump. These bubbles turn to liquid unexpectedly at a place with higher pressure, and it occurs as a collapse. The cavitation leads to erosion or shock in pumping proportional to fault intensity. Hence, cavitation detection is one of the most frequently discussed topics due to its harmful effects [2] [3] [4] [5] [6] .
Signal-based approaches are among the common approaches in cavitation detection. In these approaches, different signals such as vibration, pressure, acoustic emission, and electrical currents are utilized to detect a possible fault in the centrifugal pumps. Frequency-domain analysis is the most common method to detect potential faults. Each fault has a specific signature in the spectrum of the signals. Therefore, the signature analysis in the frequency domain would provide valuable information to determine the health status of the system. Moreover, time-domain analysis is discussed in the literature, and in this method the trend of the signals can provide a vital insight into health status.
Vibration analysis is the most prevailing approach exploited to detect faults in centrifugal pumps [7] . Wang and Chen presented an intelligent diagnosis method based on features of the vibration signal. In this method, a wavelet was employed to extract features from vibration signals, and the rough set was utilized to provide diagnosis knowledge for a neural network [8] . Sakthivel et al. utilized a decision tree to extract statistical features from vibration measurement and classify these features simultaneously. Outcomes indicated that this method can detect various faults in a monoblock pump with high precision [9] . Muralidharan and Sugurmaran utilized a discrete wavelet transform to extract features from vibration signals, and rough sets to generate rules. Then a fuzzy system was employed to classify the features based on extracted rules, and the outcomes indicated 99% accuracy in classification [10] . Sakthivel et al. extracted statistical features from vibration signals; then they constituted a set with extracted features. The dimension of the feature set was reduced using various techniques and then the reduced set was applied to a decision tree to classify different modes of the pump [11] . McKee et al. suggested a new method for detecting cavitation based on spectral and statistical methods. In this method, octave band analysis, principal component analysis, and statistical metrics are employed to detect cavitation from vibration signals, and then Mahalanobis distance is utilized to set thresholds. This method is tested on various types of industrial pumps [12] . One of the main challenges in detecting cavitation based on vibration analysis is the cost of sensors. In addition, identifying the relation between faults and signature in the spectrum of the signal would be crucial due to the complexity of industrial systems.
Acoustic emission has recently been discussed as a superior tool to detect faults in centrifugal pumps. Alfayez et al. utilized acoustic emission to detect cavitation by showing that the cavitation decreases acoustic emission level. This method also determines the best efficiency point of the centrifugal pump [13] . Farokhzad et al. employed a multilayer perceptron neural network to classify features extracted from acoustic signals. The results demonstrated 98% precision in detecting cavitation [14] . The main challenge to detect faults with acoustic emission is the high cost of the related sensors.
Hence, electrical current sensors were introduced as an alternative to vibration and acoustic signals, for these are already available in most industrial systems. Therefore, implementation cost is reduced by using these signals. Durocher et al. utilized stator current sidebands to detect cavitation; sidebands amplitudes are increased because of cavitation occurrence. A threshold was utilized to detect cavitation [15] . Hernandez-Solis et al. employed motor current signals and a power spectrum to detect cavitation. The correlation between cavitation and the power spectrum was discussed in different operation points [16] . The main challenge in using motor current signals is that the induction motor is a low pass filter; therefore, fault components in high frequencies are eliminated. Therefore, Stopa et al. proposed a novel method to detect cavitation using torque. In this approach, a nonlinear model for an induction motor was extracted. Then the torque was estimated based on the model, and the spectrum of the estimated torque was employed to detect cavitation. The results showed that there was a strong correlation between cavitation and sidebands of the torque signal [17] . Though using the incremental encoder to estimate torque would be crucial, this method was introduced as an alternative to motor current signature analysis.
In this paper, to overcome these difficulties an approach is suggested for detecting cavitation in pumps at early stages. First, a nonlinear model of the electro-pump is extracted. Pump pressure and torque are obtained using the nonlinear model of the electro-pump and pump characteristics curves. It is proven that cavitation leads to deviations from these curves. Therefore, the deviation of the pump pressure from the curve is defined as a residual. Time-domain features are extracted from this residual and apply to a self-organizing map (SOM) neural network, and the network outputs are modes of the pump, healthy and cavitation. The results show that this method is capable of detecting cavitation at early stages with high precision. The supremacy of this method is as follows: first, this method does not require vibration and acoustic measurements, and it could be implemented by electrical currents, voltages sensors, and pressure sensors; hence, the implementation cost would be reduced. Moreover, this method is robust to disturbances, which can have considerable effects on the results of a fault diagnosis system. Disturbances in centrifugal pumps vary pressure, flow, and torque values, though these variations are based on pump characteristics curves. Therefore, disturbances would not lead to a false alarm with respect to the defined residual that determines deviations from pump curves.
Electro-pump's dynamic model
In this section, a nonlinear model of an electro-pump is presented. A block diagram of the motor-pump set is shown in Figure 1 [18] . The dynamic model of an electro-pump can be expressed as follows [19, 20] : x=f (x) +Gu+m (x,Q) (
In this equation, state variables are as follows:
The input vector can be expressed as follows:
f (x) , G and m can be expressed as follows:
In Eq. (4), D is defined as follows:
The variables and parameters in Eqs. (1) to (5) are introduced in Table 1 .
In Eq. (5), f T represents the torque produced by the hydraulic part of the pump. The hydraulic part can be expressed by torque, and pressure difference between outlet and inlet of the pump, and these variables can be obtained as follows [20] :
The parameters and variables in Eqs. (7) and (8) are introduced in Table 1 .
In this paper, the hydraulic application is considered as a closed-loop pipe circuit and the delivery head can be obtained as follows [21] :
A schematic diagram of the electro-pump is depicted in Figure 2 . 
Cavitation model
As mentioned earlier, cavitation can cause mechanical failure in the pump. In this paper, the hydraulic behavior of the pump is considered in order to detect cavitation, and this performance is determined by the pump parameters, which can be changed within cavitation occurrence. Therefore, cavitation occurrence leads to variation in the hydraulic performance of the pump, and it decreases the level of fluid flow and pressure, and also it deteriorates pump efficiency. A linear approximation of cavitation impact on the hydraulic performance of the pump can be expressed as follows [20] :
As can be observed in Eqs. (10) and (11) cavitation can change the pump characteristic curves, and as mentioned earlier it decreases the pump pressure and torque simultaneously.
The precise model of the cavitation in a pump would be nonlinear and complex. The model used in this paper is linear, which approximately demonstrates the impact of cavitation on the performance of the hydraulic part of the pump. The main point is that cavitation occurrence based on a complex nonlinear model in a laboratory system would deviate the residual from zero, and this deviation is the subject of this study.
Fault detection algorithm
With respect to Eqs. (10) and (11), cavitation will be reflected in the hydraulic behavior of the pump, and it can change torque and pressure values. The main effect of the hydraulic faults is that the value of the torque and pressure, which are produced by the impeller, will change. There are a number of factors that can cause bubble formation in the pump such as upstream compressibility and flow reversal. Given that, the experimental setup utilized in this paper has a closed-loop piping system as can be observed in Figure 2 . Therefore, flow reversal and upstream compressibility could not affect the pump. In addition, the presence of only one valve in the outlet of the pump mitigates the water hammer and nonfully developed flow. Therefore, we interpret that these effects are insignificant for the purpose of the current study. Moreover, external factors such as disturbance may also affect the pressure and torque values. On the other hand, the main effect of the mechanical fault such as wear of bearing, wear of seal, and rub-impact between the impeller and the casing is vibration and leakage in the pump [18] . Hence, a residual signal is defined as the following in order to avoid false alarms due to disturbances:
In this equation, deviation of the pump pressure measurement values from the pump curve is considered as the residual. Therefore, with respect to the fact that disturbance cannot change pump curves, the residual would be robust against disturbances. However, the residual is obtained using measurement values of pressure, fluid flow, and angular speed. In order to avoid using supplementary sensors, a number of equations will be presented to obtain angular speed and fluid flow.
Angular speed can be obtained using a state observer, which is discussed in [22] , and the equation is as follows:ω
In this equation, e ids and e iqs represent the current estimation errors, whileψ qr andψ dr represent the estimated flux linkage in the dq frame. K i and K p represent the regulation coefficients [22] .
Furthermore, the fluid flow can be acquired by using Eq. (8) as follows:
In this equation, the pump torque in the steady-state mode ( dωr dt ≈ 0) can be obtained by the following equation:
In Eq. (15), the electromagnetic torque can be obtained as follows [22] :
Consequently, the unknown variables such as angular speed and fluid flow in the residual equation are obtained using Eqs. (13) and (14) . Therefore, the residual can be obtained using electrical sensors and a pressure sensor.
As mentioned earlier, variations in the residual can provide useful information about the pump health status. Therefore, a number of static features are extracted from the residual and applied to the classification algorithm. These features are presented as follows:
1. Minimum and maximum values: it refers to minimum and maximum of the residual.
Variance: it is the variance of the signal and the formula is as follows:
In this equation,x i is the mean value of the signal and n is the number of samples.
3. The final feature is the mean value of the residual signal.
In order to classify these features a classification algorithm is required, and in this paper self-organizing map (SOM) is employed to classify the pump modes. SOM is an effective tool to cluster the data and is presented by Kohonen [23] . It is an unsupervised neural network that attempts to represent the input data in a low-dimensional grid [24] . The main important three phases of SOM designing can be expressed as follows [25] :
Competition phase: xϵR
n is chosen randomly from the input space. Euclidean distance of x to each cluster center (w j ) is calculated. The shortest distance determines the winner neuron. The competitive phase can be expressed as follows:
In Eq. (18), w j represents the cluster weights, where j = 1, 2, . . . , m (m < n) and i(x) represents the winner neuron index.
2. Cooperative phase: the winner neuron tends to excite the other neuron. The neighborhood function can be expressed as follows:
In this equation d ij is the lateral distance between the winning neuron and the excited neuron j , δ is the effective width, and t is the number of iterations. δ is chosen as a Gaussian function; thus the effective width decreases with the iteration increase as the following:
In Eq. (20), δ 0 and τ represent the initial effective width and the time constant, respectively. It can be observed in Eq. (19) that the network convergence rate is high at early iterations.
3. Adaptive phase: in this phase, initial weights are updated as follows:
In Eq. (21), η represents the learning rate defined as a Gaussian function as follows:
In Eq. (22), η 0 represents the initial learning rate, and it is chosen between zero and one, and τ 0 represents the learning rate time constant.
4. Continue with phase 1 until no noticeable changes in the weight updating are seen.
The neural network structure is shown in Figure 3 . 
Simulation results
In this section, an electro-pump is simulated by Eqs. (1) to (5) . The induction motor is a 3-kW, 3000-rpm, 220-V, 50-Hz squirrel-cage motor. The induction motor parameters shown in Table 2 are extracted from a laboratory system. The pump parameters shown in Table 3 belong to a 3-stage centrifugal pump [26] . The electro-pump model expressed by Eqs. (1) to (5) is simulated by using the presented parameters, and the results demonstrate that this model has high precision in steady state [26] . Moreover, cavitation is modeled on the dynamic model according to Eqs. (10) and (11) . The pressure and torque signals with and without cavitation are depicted in Figures 4 and 5. As can be observed cavitation is applied to the model at t = 3 in steady state, and cavitation leads to variations in the pressure and torque signals of the pump. One of the main properties of the suggested method is robustness to disturbance. The disturbance is applied to fluid flow in order to evaluate the robustness of the algorithm as follows:
In Eq. (23) d is the disturbance applied to fluid flow, which can lead to variations in the fluid flow of the pump. Consequently, these variations lead to changes in the torque and pressure of the pump according to Eqs. (7) and (8). Disturbance is defined as a pulse as can be observed in Figure 6 , and applied to the pump at t = 3 . In normal mode, an increase in the flow leads to a decrease in the pressure, and also an increase in the torque according to pump characteristic curves. However, at the time of cavitation torque, pressure and flow do not behave according to pump characteristics curves: they all decrease simultaneously. In Figure 7 the impact of the disturbance on the residual is shown in both healthy and faulty modes. As can be observed, in the healthy mode the disturbance does not deviate the residual in steady state, and also it will not lead to false alarms. In Figure 7 , residual variations in the first instants are due to observation errors of the angular velocity. The observer in Eq. (13) has errors in the transient mode, although in the steady state the observation error will converge to zero; therefore as can be observed the residual will remain close to zero in steady state.
Other variations in the residual signal are due to measurement noise applied to the system. Therefore, the proposed algorithm is capable of showing robust performance against disturbances. Furthermore, in Figure 7 the residual is shown at the time of cavitation in the presence of the disturbance. Cavitation is applied to the pump according to Eqs. (10) and (11), and it is applied gradually due to the way that cavitation occurs in industrial systems. Cavitation gradually decreases pump pressure as well as fluid flow, and it deteriorates pump efficiency. As can be observed in Figure 7 cavitation leads to gradual variations in the residual signal and the residual reaches a constant value eventually. In this paper, 10% and 20% variations in the pressure are considered as the maximum variation caused by cavitation. The deviation caused by cavitation is the source of information to detect cavitation. Therefore, time-domain features as mentioned earlier are extracted from the residual signal to detect cavitation in the centrifugal pump. These features are extracted in the steady state in the presence of the disturbance, and in the following form:
• 75 samples are extracted in the normal mode using Eqs. (7) to (10) with the measurement noise.
• 75 samples are extracted in type-1 cavitation mode. In this mode k 1 and k 2 in Eqs. (10) and (11) are defined in a way such that torque and pressure variations are 5% to 10%. • 75 samples are extracted in type-2 cavitation mode. In this mode k 1 and k 2 multipliers in Eqs. (10) and (11) are defined in a way such that torque and pressure variations are 10% to 20%.
Extracted features of the residual in type-1 cavitation can be seen in Figure 8 . As can be observed, the features are deviated from zero. With respect to the way that the residual is defined the minimum values and the mean values are negative. The minimum value of the signal is the most distinctive feature because it has the greatest amount of deviation from zero as can be observed in Figure 8 . The features in the normal mode and both cavitation modes are utilized as the inputs of the SOM to train the network; 150 random samples composed of 50 samples in normal mode, 50 samples of type-1 cavitation, and 50 samples of type-2 cavitation are exploited for training, and 75 samples are utilized to test it. The SOM utilized these features to classify 3 modes of the pump and the test results are presented in Table 4 .
As can be observed, the SOM can detect the healthy mode of the pump with high precision. Moreover, in type-1 cavitation 23 test samples are detected correctly with respect to the fact that variations in the pressure are less than 10%. At the time of type-2 cavitation, with respect to the fact that pressure variations are between 10% and 20%, the SOM can detect 24 test samples correctly. The results show that the accuracy in the detection of the type-1 cavitation is 88%, and when type-2 cavitation occurs the algorithm shows better precision with an accuracy above 96%. In type-2 cavitation the residual is more deviated from zero. Therefore, the time-domain features would be more distinctive rather than in the healthy mode, and it would be easier for the SOM to classify these modes.
Conclusion
In this paper, a simple structure high-precision method is presented to detect cavitation in an electro-pump. In this method, a residual is defined, and the most significant feature of the residual is robustness against disturbances. In addition, this method does not require vibration and acoustic sensors and it can be implemented with electrical sensors and a pressure sensor; therefore, implementation cost will be reduced.
In this paper, a nonlinear model that describes the healthy status of the electro-pump is presented; also the impact of the cavitation on the hydraulic part of the pump is discussed and modeled. With respect to the cavitation impact on the behavior of the system, a residual that is robust against disturbances is defined. This residual shows deviations of the pump behavior from the pump curves; therefore, the disturbance cannot lead to the deviation, for variations that are caused by disturbance would behave based on pump curves. Then time-domain features are extracted from the residual and applied to a classification algorithm, which is SOM in this paper. The SOM classifies modes of the pump as healthy and cavitation. The results show that this method is capable of detecting cavitation with 88% precision. The precision of the presented method is lower than that of methods that use vibration and acoustic sensors; on the other hand, this method has the advantage of disturbance rejection as well as low implementation cost. Furthermore, the effectiveness of the classification algorithm can be improved by using an optimization method in order to choose initial weights of the SOM algorithm, and it will be considered in future works.
